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A Fuzzy Rule-based Decision Support System Environment
Abstract

This thesis proposes a fuzzy rule-based decision support - system
environment aimed at handling semi-structured decision problems at
higher organisational levels. :

A three layered decision modelling formalism based on decision

models, decision stages and decision rules is proposed. Decision
models, at the top of the hierarchy, represent decomposed decision
problems and specification of their composition using decision
stages. Decision stages represent the smallest decision problems,

and consist of a specification of probable alternatives and decision
rules to be employed in constraining and ranking these probable
alternatives. Lastly, decision rules, at the bottom of the
hierarchy, represent the basic modelling knowledge as a high level
declarative fuzzy rules.

Imprecision and uncertainty in decision rules and decision
parameters is represented using the concepts of fuzzy sets,
possibility distributions, and necessity-possibility measures.

The decision support environment presented in this thesis integrates
a number of concepts from AI and ES into the generic DSS framework.

The knowledge system comprises of modelling knowledge and
environmental knowledge components. The modelling knowledge
component, based on the formalism mentioned above, represents
complete domain specific knowledge.  The environmental knowledge
component comprises of procedural and factual knowledge and it is
represented by Prolog-like rules with extensions to represent
imprecision and uncertainty  using fuzzy sets, possibility
distributions, and necessity- possibility measures.

The language system provides a non-procedural command oriented
language interface for model execution and information retrieval.
The decision models can be activated for execution either by
specifying the name of the decision model or by formulating new
models. A fuzzy query language provides the facilities to retrieve
information from the database and the knowledge base.

The feasibility of the proposed environment is demonstrated by an
implementation in Prolog on a VAX 11/750. The effectiveness of this
environment in  solving semi-structured decision problems is
illustrated with an example.
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Chapter 1
Introduction

1.1 Decision Support Systems

The concepts of Decision Support Systems (DSS) were first introduced
in early 70s under the term management decision systems. Inmitial
advances in this area took, by and large, the form of specific DSS
applications developed in various organisations. These systems were
primarily designed and developed to meet specific organisational

needs and were meant to support some decision making activity.

Decision problems can be characterised on two dimensions, viz.
degree of structuredness and the organisational level addressed.
The degree of structuredness of a decision problem can be expressed
as:

a) structured,

b) semi-structured, or

C) unstructured.

Structured decision problems are well-defined with respect to the
identification of goals and algorithms or procedures, and problems
of this kind are amenable to analytical models. Proven techniques
such as Management Information Systems (MIS)/ Operations Research
(OR)/ Management Science (MS) can be applied to these. Further,
decision making in structured problems can be automated to a large

extent. Examples under this category include resource allocation,
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location-allocation, and assignment problems at lower organisational
levels. On the contrary, no algorithms or procedures exist for
unstructured problem solving and they require a good amount of human
intelligence. In this class of problems it is almost impossible to
provide any worthwhile support in decision making. The problems of
interest, therefore, are the semi-structured problems which require
a combination of formal and informal procedures for solving them.
Since this class of problems cannot be automated completely, it is a
good area for systems based on human-computer interaction in which
the computer takes over the part of the problem that can be

automated and the decision maker controls the remaining.

Dutta (1987) characterises decision problems on the dimension of

structuredness by identifying the differences in the level of

Unstructured High High Low
Semi-

structured

Structured Low Low| | High =

Problem identification Computation

formulation of solution
method

-~

Fig. 1.1 Proportion of problem solving effort




understanding of the underlying reasoning process and the ease of

externalising such a process. In an alternate approach, Dutta and
Basu (1985) characterise decision problems on the dimension of
structuredness based on the effort required in solving the problems

as shown in Fig. 1.1.

On the organisational dimension, the decision problems can be
classified under strategic, tactical and operational levels with
strategic level at the top of the hierarchy. At the operational
level, which is the lowest, majority of the problems are not
open-ended and almost all the problem parameters are under the
control of the decision maker. As we move higher in the
organisational levels the problems become more open-ended, their
parameters become increasingly difficult to quantify precisely and
certainly, and a number of parameters go beyond the control of the
decision maker. The decision models of such problems at these
levels are, by and large, informal and the modelling knowledge is

often uncertain.

In due course researchers and developers in the area of DSS began
identifying characteristics which are common to DSS. One of the
important characteristics is that the DSS are aimed at solving
semi-structured decision problems and in doing so they use data and
analysis models. These systems are interactive and meant for
helping, not replacing, the decision makers. They are flexible and
adaptable to accommodate changes in the environment and the decision

making approach of the user. Further, they improve the effectiveness
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in decision making rather than the efficiency and operate under the

control of the decision maker.

For quite some time there was not a single accepted definition of
DSS because of the breadth of application areas and kind of decision
making support involved. However, today, the definition of DSS given
by Sprague as “interactive computer based systems designed to help
decision makers in solving ill-structured problems using data and
models” is widely accepted (Sprague 1980).

In the next section we shall discuss some important frameworks of
DSS and survey various related issues. Thereafter, we identify the
requirements of DSS and the state-of-the-art in  handling
semi-structured decision problems at higher organisational levels,
i.e. strategic and tactical levels. We shall, then, briefly
describe the modelling methodology proposed in this thesis. The

last section details the layout of the thesis.

1.2 DSS Frameworks and Related Issues

A number of research workers have proposed the general architecture/
framework of DSS (Sprague 1980; Bonczek er al 1984; Bosman 1983;
Teng et al 1988). All these proposals were centered around
identifying the components of DSS and the interrelationships and
interactions between these components. The components typically
identified are a) database or knowledge base, b) model base, ¢) user

interface, and d) problem- processing system,




Sprague’s Framework:

Sprague proposed a framework of DSS and presented three perspectives
of DSS from the points of view of the end-user, the builder and the
tool-smith (Sprague 1982). Further, based on the above perspective,
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Fig. 1.2 Components of DSS

he identified three technology levels, specific DSS, DSS generator




and DSS tools for these three perspectives respectively. According

to him a DSS, shown in Fig. 1.2, conmsists of the following three

components:

a) Dialogue Generation and Management System (DGMS) that defines
the user-interface using which the decision maker interacts
with the DSS, and it supports functions such as accepting

requests for model execution, data retrieval, etc.

b) Model Base Management System (MBMS) that provides facilities
for creation of mew models, cataloging and maintaining a wide

range of models, interrelating various models, etc.

c) Data Base Management System (DBMS) that takes care of the data
management functions such as data definition, creation,
maintenance, retrievals/updates, etc. and facilities for
representing data from external sources and extraction of

relevant data from organisational databases.

Databases of DSS are comprised of data from external and internal
sources to varying degrees compared to non-DSS databases. Also,
there is more adhocism in the operations of non-DSS databases that
in those normally performed on DSS databases. Model base is a
collection of models that are of interest to the specific DSS
application. It is possible to manipulate the models, in a manner

similar to the manipulation of data in databases, and to integrate

models to form complex models.




Framework of Bonczek et al
Bonczek ef al (1984) proposed a genmeric architecture of DSS (Fig.
1.3) as consisting of the three following systems:

o Knowledge System,

o Language System, and

o Problem-processing System.

User requests for data retrieval and model execution are specified

using the facilities offered by the language systems (LS). The

User

Reguests

Problern—
Processing
System

Language
System

Knowledge
System

&

Responses

Fig. 1.3 DSS Framework of Bonczek er al

modelling knowledge that is to be used in solving decision problems
and the environmental knowledge that is referred to by the modelling
knowledge form the knowledge system (KS). The problem-processing
system accepts the requests from the user specified in LS and uses
the environmental knowledge and modelling knowledge to provide the

results to the user.

Sol (1983) presented an integrated framework based on the proposals




made by Sprague (1980), Bonczek et al (1984) and (Bosman 1983).

Teng et al (1988) present a unified architecture for intelligent DSS
by integrating the concepts of expert systems and DSS.

In the rest of this section we shall orient the discussion around
the framework proposed by Bonczek ef al. This is because of our
concern with decision problems at higher organisational levels.
Such problems have many characteristics common with those found in
problems being modelled as Expert Systems, particularly with respect
to knowledge representation and problem solving approaches.
Therefore, we believe that a discussion oriented around this
architecture would be more appropriate. This viewpoint is supported
by McLean and Sol (1986) who point out that it is easier to relate

and compare DSS versus AI/ES using the framework of Bonczek et al.

1.2.1 Knowledge System

Knowledge system, as mentioned above, represents the environmental
knowledge and the modelling knowledge in order to enable the
problem-processing system to respond to the user requests issued
through the languag: system. In the framework proposed by Sprague
(1982) these two components were treated separately as data

subsystem and model subsystem respectively.

In this thesis, environmental knowledge refers to the data subsystem
consisting of factual and procedural knowledge. On the other hand,
the modelling knowledge component refers to a specific class of
decision problems which are defined over and above environmental
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knowledge.

1.2.1.1 Environmental Knowledge

In this subsection we shall discuss the environmental knowledge
aspect of the knmowledge system. Requests for information retrieval
from the LS are processed against the environmental knowledge. These
request can be initiated either by the user or by the problem

processing system during model execution.

The possible approaches to realise this component can be a
collection of files of some application or a database.  Majority of
the developments in the representation and usage of environmental

knowledge took place under the three following areas:

a) programming languages,
b) database management, and

c) artificial intelligence.

We shall briefly discuss the various stages of this development

process and their limitations which induced further research.

The information systems prior to 70s were based on conventional file
systems using different types of file organisations. Programming
languages provided the data definition and manipulation capabilities
as an integral part of them. Therefore, the programs were dependent
on the organisation/layout of the data and needed a lot of
maintenance along with the other inherent problems such as

redundancy, inconsistencies, etc. Majority of the initial DSS have




been developed based on this approach using languages like FORTRAN,
COBOL.

Database technology evolved to solve these problems and two
distinct schools of research emerged under relational model of data
and network model of data (Date 1981; Ullman 1984). A large number
of corporate databases have been implemented and a number of
specific DSS have been built based on these using high level data
manipulation facilities offered by the database management systems
(DBMS). It was generally argued that the user interfaces of
relational databases such as SQL, QBE, QUEL, etc. are more
user-friendly in comparison to those of network databases. However,
query languages similar to the above do exist on network databases

(Parimala ez al 1985).

Independent developments in AI generated technology that can be used
to tackle most of the above mentioned problems on smaller
data/knowledge bases. As a result a number of knowledge
representation schemes have been identified such as first order
logic, production rules, semantic nets, frames, etc (Nilsson 1980;
Cohen and Fiegenbaum 1982; Rich 1983; Jackson 1986). Knowledge

representation based on first-order logic (FOL) (Grey 1984) is, in
the opinion of this author, ome of the simplest and earliest
technique identified to represent kmowledge and make inferences. The
programming language Prolog (Cloksin and Mellish 1981) is based on
first-order predicate calculus in which programs are defined -as a

set of axioms in FOL and the execution of a program amounts to

10




proving a theorem on these axioms. Some researchers argue that FOL

offers an excellent framework for representation and manipulation of
data because data bases, particularly relational, query languages
and programming language Prolog are based on the FOL (Dutta and Basu
1984; Dutta 1987). Also, Coelho and Rodrigues (1983) favour FOL as
a knowledge representation scheme in their proposal for a

three-layered architecture for management environments.

Semantic nets is a graphical knowledge representation technique best
suited for representation of generalisation- specialisation concepts
as a graph consisting of isa arcs and partof arcs. A decision
aiding  application  employing semantic  nets for  knowledge

representation is reported in (Widmeyer and Lee 1986).

Frame based schemes of knowledge representation use a slot-filler
approach to capture complex conceptual hierarchies. While
presenting an application of a frame based language, SRL, for a job
shop scheduling problem, Fox (1985) stresses on the representation

and sharing of information across multiple applications.

Production systems based knowledge representation scheme captures a
more informal and empirical knowledge using a set of if-them rules.
A number of expert systems (MYCIN, PROSPECTOR, etc.) have been built
based on the rule based knowledge representation scheme. Some of
the advantages cited in favour of this scheme are a) they naturally
represent the domain expert’s knowledge, and b) the knowledge
captured is modular and easier to maintain (Jackson 1986). A

comparison of DSS and expert systems is presented in appendix C.

11
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1.2.1.2 Modelling Knowledge

The unique aspect of DSS is the research and the concepts related to
decision modelling. Initial decision models were based on ome or
more of the techniques from Operations Research, Statistics and
Management Science. Most of these techniques cater either to
structured decision problems or to decision problems having very
little unstructuredness. The decision models based on these are
quite formal and the decision makers are required to be
knowledgeable with respect to their usage. Further, majority of the
analytical techniques produce optimal solutions whereas in decision
making it is practically impossible to provide optimal solutions and
therefore, the decision makers usually require satisficing
solutions. Keen (1986) points out that the optimisation science for
decision making is too often unrealistic, impractical, artificial

and unused.

Since decision makers, in practical situations, use informal models,
a number of systems have been developed to provide decision
modelling  facilities using relatively more informal equation
oriented techniques.  Although such models represent semi-structured
problems to some extent, they still do not correspond closely enough
to the real world situation. Bosman (1986) cautions that the
cquation based models can be dangerous as cognitive aids especially
when applied by decision makers without much knowledge of model

constraints and procedures. He, further, criticises that many DSS

12
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modelling facilities are oriented towards the choice phase and
rarely for modelling activities such as  idenmtification of
alternatives, problem formulation, etc. McLean and Sol (1986) argue
that the applicability of equation type models is limited to very
few cases and suggest usage of process type models. On the
correspondence of decision models with reality, Bosman and Sol (1985)
point out that the generality of equation oriented models is high
and their correspondence with reality is low. In process oriented

informal models the converse is true.

Decision making becomes more and more complex as ﬁroblems exhibit
more unstructuredness. Holtzman and Breese (1986) put forward the
reasons which can be attributed to the difficulties in decision
making as:

- lack of clarity

- inadequate structural understanding

- dissatisfaction with the available alternatives

- inferential complexity

- combinatorial complexity, and

- inability to deal wi*h uncertainty.

Subsequently they identify the support required in the areas of
generating alternatives, construction of decision models, measuring

uncertainty, etc.

Representation of modelling knowledge using production rules can be
an effective tool for handling decision problems at higher
organisational levels. This can be justified on the premise that

13
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majority of the modelling knowledge is in the form of rule,
guidelines, etc. and therefore, a rule based representational scheme
would be more appropriate. The successful application of this
methodology in a number of expert systems has demonstrated the
utility and the associated benefits (Jackson 1986). A comprehensive
comparison of expert systems and decision support systems is

presented in appendix C.
Problem Decomposition and Model Management

The basic assumption made in problem decomposition in decision
making is that judgment is improved when a complex, ill-defined
problem is decomposed, analysed and solved by a set of smaller, more
well-defined problems (Lagomasino and Sage 1985). It appears that
one major approach in order to solve complex decision problems is
the divide and conquer method. In order to support this kind of
decomposition ~we  require  facilities for  representation  and

manipulation of multiple decision models.

Bonczek e al (1983) and Blanning (1985,1986) advocate the
application of relational (data model) theory for management of
decision models. Blanning (1986) extends the definition of relation
to include decision models as virtual relations as "a subset of
Cartesian product of a set of domains corresponding to the input and
output parameters of the model”. Under this framework multiple
decision models can be combined using relational join and a

selection operation produces results of model execution.

14




The effectiveness of first-order logic for model management has been
illustrated by Dutta and Basu (1984, 1985). They argue that the

inference mechanism can implicitly, as a byproduct of the proof
procedure, handle the selection and execution of multiple models
without the need for user control.

1.2.2 Language System

Language system is essentially the user interface of DSS which
accepts the commands from the user to perform various functions. Two

important functions of LS are:

a) knowledge base query (data retrieval), and

b) request for model execution.

The first function enables the user to specify information retrieval
from KB using the query commands of LS. This function is
extensively used for exploratory retrievals to analyse the modelling
knowledge. These commands to query can be either procedural or
non-procedural. While using procedural query languages the user
explicitly specifies how the information is to be retrieved,
step-by-step. On the other hand, the non-procedural query languages
can be used by merely stating what is expected and the system
determines how the requested information is to be retrieved. Query
languages such as SQL, QUEL (based on relational calculus) are
examples of non-procedural languages (Date 1981; Ullman 1984).
Query languages based om logic can, in addition to providing
non-procedural commands, facilitate querying on derived/procedural

15
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knowledge. Additionally, it is possible to specify recursive

queries in such languages. Finally, another kind of query languages
is the fuzzy query languages where results can be retrieved by
specifying approximate conditions (see appendix E).

The other function of LS, mentioned above, is bhandling of wuser
requests for model execution. Again, these requests can be
procedural where the user explicitly identifies the models and the
values of various parameters. On the other hand, the user can
request model execution in terms of the requirement, and may not

explicitly identify the models and their sequence of execution.

Among the other functions of LS, knowledge system maintenance is the
most essential function. This function enables users to assert new

knowledge and replace/retract existing knowledge.

1.2.3 Problem-Processing System

The problem-processing system (PPS) is the central component of a
DSS. While the knowledge system and the language system are
representational, the PPS is a dynamic software component (Bonczek
et al 1983). This system accepts commands from the user specified
in LS, retrieves the knowledge available in KS, uses this knowledge
to process the user requests, and presents the derived results back

to the user using the presentation knowledge. Bonczek er al (1984)

identify the abilities of a PPS as:

16




o Information collection

o Problem recognition
o Model formulation
o Analysis

o Implementation

PPS uses its information collection ability to obtain the requests
specified in LS and, also, to obtain the kmowledge available in KS.
The problem recognition ability recognises various aspects of the
problem not explicitly specified in the user requests. Through the
model formulation ability, PPS identifies the models and their
sequence of execution required to solve the user problem. In order
to achieve this PPS uses the model management functions discussed in
the previous subsection. The analysis ability corresponds to
inferring/interpreting  the user requests against the knowledge
present in KS. Finally, implementation ability is used to present
the result to the user and/or reflect a choice in the knowledge base

for further use.

1.3 Imprecision and Uncertainty

As we have discussed in section 1.2 the decision problems at higher
organisational levels are pervaded by imprecision and uncertainty.
It is, therefore, necessary to consider the methodologies available

for representation and manipulation of this aspect.

Imprecision arises when a variable or an attribute that is supposed

to take on a single value from a domain is defined with a set of

17




probable values. On the other hand, if the truth (or falsity) of a
given value cannot be established then that value is known to be
uncertain. It is possible that the values could be both imprecise
and uncertain as shown in the table 1.1.

Precise Imprecise
20 about 25
Certain 25 between 20 and 24
young
Uncertain may be 25 may be about 25
probably 30 probably young

Table 1.1 Imprecise and uncertain values

Imprecision and uncertainty can be present, in addition to the
attribute  values, in  various components of modelling and
environmental knowledge. Bolloju (1990a) discusses the presence of
imprecision and uncertainty in objects, attributes, relationships

and integrity constraints.

The impact of imprecision and uncertainty can be seen on all the
three systems of the framework. Firstly, it is mnecessary to
represent imprecision and uncertainty in various components of the
knowledge system. Then, having represented in knowledge system,
language system should facilitate imprecision and uncertainty in the
user requests. Lastly, problem-processing system should be able to
process the requests that are specified with imprecise and uncertain
elements against the imprecise and uncertain knowledge in the
knowledge system. A brief survey of fuzzy databases and fuzzy query

18




languages is presented in appendix E.

1.3.1 Imprecision

Fuzzy sets and the possibility distributions are two, more or less
equivalent, approaches for the representation of imprecision. A
fuzzy set A (Zadeh 1978) is defined by its membership function (u)
which maps the elements of a universe of discourse U to values
between 0 and 1. Given a proposition of the form X is A’, the

membership function u A Testricts the possible values of X on U as:

bp:X > [0,1]
Fuzzy sets can be used in either conjunctive or disjunctive notion.
In conjunctive notion all the elements of the fuzzy set are members
with varying degrees of membership; and X is generally considered to
be multivalued. On the other hand, in the disjunctive notion the
membership value u A(u) is interpreted as the possibility of the
single-valued X taking on the value u. Under this interpretation,

possibility distribution is equivalent to fuzzy set as defined by:

IIx(u) = uA(u) YVuedU

1.3.2 Uncertainty

Some well-known approaches for the representation of uncertainty are

listed below:
a) Bayesian theory
b) Degrees of belief and disbelief

19




¢) Dempster-Shafer theory of evidence

d) Necessity-Possibility measures.

Bayesian Theory
Representation and propagation of uncertainty in the past has
been based - on the probability theory. Bayesian approach is
built on the strong mathematical foundations of probability
theory. Given an evidence e related to hypothesis h, Bayes’
theorem states:
P(e | h) * P(h)
P(e)

Phle =

where
P(e) and P(h) are the respective prior probabilities of
, evidence e and hypothesis h,
[ P(e | h) is the conditional probability of evidence
: e given the hypothesis h, and,
P(h | e) is the posterior probability of the
hypothesis h given the evidence e.

In many practical applications, the estimation of the prior and
conditional probabilities is a difficult task because of the
large numbers of estimates involved. Further,usage of
subjective  estimates of probability can give rise to
inconsistencies (Dutta 1987). It was suggested that through
the assumption of conditional independence it is possible to

reduce the number of probabilities to be estimated.




Degrees of Belief and Disbelief

A number of expert systems, such as MYCIN, employ the concept
of certainty factors based on degrees of belief and disbelief.
Under this approach a certainty factor (between -1 and 1) is
associated with each hypothesis for a given evidence. The
certainty factor, CF, for a given hypothesis A and evidence e
is derived from:
CF(h,e) = MB(h.e) - MD(h,e)
where

MB(h,e) is the degree or measure of increased belief in

h based on e, and
MD(h,e) is the degree or measure of increased disbelief

in h given e.

Evidence from conjuncted (disjuncted) propositions is combined

R e

using minimum (maximum) of the CFs of the individual
propositions. Then, the confidence in hypothesis (or
consequent) is estimated as a product of the certainty factor
associated with the rule and the certainty factor derived from

the combined evidence (or antecedents).

This approach makes departures from the axioms of probability
theory. Rigorous estimation of probabilities are avoided

through the use of certainty factors and it was generally felt

that the experts are more comfortable in assigning certainty
factors (Buchanan and Shortliffe 1984).
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Dempster-Shafer Theory of Evidence

The Dempster-Shafer theory of evidence is based on degrees of
belief to represent uncertainty. In Bayesian theory,
probability  distributions are defined over the individual
hypotheses. However, in Dempster-Shafer theory, the
probability distributions are constructed over all subsets of
hypotheses. That is, a probability estimate can be assigned to
a given subset of hypotheses collectively, without dividing the
estimate among the individual hypotheses. This property of
Dempster-Shafer theory enables one to represent the ignorance
regarding the dominance within the individual hypotheses of a
subset and makes it an attractive technique for representation

of uncertainty compared to Bayesian theory.

Under the Dempster-Shafer theory, the set of all relevant

R

propositions is called the frame of discernment 6. All the
elements of 6 are assumed to be mutually exclusive and
exhaustive. Then, the theory introduces a belief function,
Bel, which is defined using a basic probability assignment
function, m, as:
Bel(h) = L mle)

€ entails h
That is, belief in hypothesis h is the sum of the basic
probability assignments of all the evidences e cntailing h.
The theory provides mechanism to combine evidences using the
basic probability assignments to derive further degrees of
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belief.

Necessity-Possibility Measures
The representation of uncertainty using mnecessity-possibility
measures is based om possibility theory and fuzzy logic (Zadeh
1985; Prade 1985a,1985b). In this approach a pair of measures
is associated with propositions to indicate the uncertainty.
And, the necessity measure of a proposition p corresponds to
the impossibility that p is false. That is, given the
possibility measure I7(p) and JI(—p) representing the possibility
of p being true and false respectively, the necessity measure

N(p) is defined as:

Np@) = 1 - II(—p)
The theory, further, identifies possible functions to combine

these measures in conjunction and disjunction, and propagate

uncertainty in implication.
Other Approaches

In addition to these four approaches discussed above, there have
been a number of approaches for the representation and propagation
of uncertainty. For example, Cohen (1985) proposes an approach
termed model of endorsements for representation and propagation of
uncertainty. He describes the abilities of the approach and
compares it with Bayesian approach. Baldwin (1987a; 1987b) reports
an approach to uncertainty based on the combination of evidence

theory and fuzzy set theory in a logic programming style. This
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approach provides a pair of supports to represent uncertainty and a
calculi for the propagation of uncertainty. @A comparison of four
uncertainty calculi along with their respective computational
complexities is reported in (Henkind and Harrison 1988).

1.4 Motivation

Analysing the discussion in the previous section, we arrive at the
conclusion that DSS technology lags behind requirements in the

following aspects:

a) decision modelling methodology to faithfully capture decision
problems at higher organisational levels,

b) integrated decision support environments facilitating
requisite tools and techniques in an unified framework, and

c) bridging the gap between theory and practice.

In the remaining part of this section we shall elaborate these
aspects and identify the related state-of-the-art in DSS.

Decision Modelling Methodology: In order to model complex decision
problems at higher organisational levels, the mcdelling methodology
should offer the following facilities:

- problem decomposition -

- informal rule based modelling

- representation and propagation of imprecision and

uncertainty in modelling knowledge

The requirements and the associated benefits of decomposition of a




complex, ill-defined decision problem into many  smaller,
well-defined decision problems have been discussed earlier. Though
the first-order logic is helpful in composing smaller decision
models into a complex model through the inference mechanism (Dutta
and Basu 1984), it just offers ome kind of model composition. For a
more general composition of decision problems we still require
better methods such as  conditional composition, iterative

composition, etc.

Now let us consider the modelling of the smaller and relatively
better-defined decision problems. Firstly, it was strongly felt
that the equation oriented decision models are not applicable to the
area of decision making under consideration. Hence, the obvious
alternative is production rule based decision modelling. This
approach is at a fairly higher level and it is easier to adapt to
f:é the changing requirements. However, the level of production rules
used in expert systems needs to be reconsidered. @ We believe that
majority of the decision problems require facilities, such as
quantification and aggregation, which are not common in production

rule systems.

Various approaches for representation and propagation of imprecision
and uncertainty in environmental knowledge are direct applications
from AI/ES technology. Unfortunately, this aspect in decision
modelling is either avoided completely or partially handled.

Integrated Decision” Support Environment: We can summarise, from the
discussion im section 1.2, the \various facilities required in
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decision support as:

- integration of knowledge bases and databases

- support for representation and manipulation of data from both

internal and external sources

representation and propagation of imprecision and uncertainty

non-procedural model formulation

high level non-procedural approximate query languages

domain independent problem-processing systems

The first three of the above refer to the knowledge system
component. As many of the DSS applications are built on top of some
large databases, it is mandatory to access, possibly transparenily,
the external databases along with the local knowledge bases.
Further, it is possible that the data and/or the knowledge could
contain imprecise and uncertain information. Moreover, the
knowledge system should provide facilities to represent and
manipulate data from external sources such as rumours, personal

beliefs, etc.

The wuser interface provided by the language system should be
non-procedural and high level in specification. More importantly,
these facilities must be in tune or identical to those in model

specification.

The last facility cited above refers to the PPS component. Domain
independence in PPS is an important requirement, since many decision
problems at  higher organisational levels are ad bhoc and
non-repetitive im nature. This domain independence assists the
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decision maker in effectively utilising the same environment for

many decision problems.

Gap between Theory and Practice: Majority of the research, in
solving semi-structured problems at higher organisational levels, is
either in the form of proposals of frameworks/architectures (Bonczek
et al 1984; Bosman 1983,1986; Bosman and Sol 1985; Sol 83; Sprague
1980) or simplified application implementations (An;:y et al 1979;
Badia and Martin-Clouaire 1989; Binaghi ez al 1989; Dickinson and
Ferrel 1985; Green-Hall 1985).

Considering the state-of-the-art, the spreadsheets or equivalent
equation based DSS with relational database interfaces are the most
common ones. The availability of better modelling environments and
tools has not changed significantly from the initial frameworks of
Sprague (1980) and Bonczek er al (1984). A recent book (Hopple
1988) on the state-of-the-art in DSS also confirms this belief. The
major stress in practical systems appears to be oriented towards
better presentation of results (e.g., graphics) only and not on

modelling.

1.5 The Proposal

We propose a fuzzy rule based decision support system environment
aimed at handling semi-structured decision problems at higher
organisational levels. The thesis proposes a decision modelling
formalism and demonstrates its effectiveness wusing an integrated

decision support environment. We shall now broadly describe the
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framework presented in this thesis.

Decision Modelling Formalism

A three layered decision modelling formalism based on decision
models, decision stages and decision rules is proposed. Decision
models, at the top of the hierarchy, represent the decomposed
decision problems and specification of the composition of the
decision problems built using decision stages. Decision stages
represent the smallest decision problems, and consist of a
specification of probable alternatives and the decision rules to be
employed in constraining and ranking the alternatives. Lastly,
decision rules, at the bottom of the hierarchy, represent the basic
modelling knowledge (available in the form of rules, guidelines,
etc.) as high level declarative fuzzy rules. Imprecision and
uncertainty in decision rules and decision parameters is represented
using concepts of fuzzy sets, possibility distributions, and

necessity-possibility measures.

Integrated Decision Support Environment

The decision support environment presented in this thesis integrates
a number of concepts from Al and ES into the generic DSS framework
proposed by Bonczek er al (1984). This integration is domain
independent and it is aimed at enhancing the effectiveness of
decision makers in solving ad hoc and non-repetitive semi-structured
decision problems.

The knowledge system comprises of modelling knowledge and
environmental knowledge components. The modelling knowledge
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component, based on the formalism mentioned above, represents
complete domain specific knowledge. @ The environmental knowledge
system component is referred by the modelling knowledge component
and it is in the form of procedural and factual knowledge.
Procedural knmowledge of this component can be specified using

Prolog-like rules with extensions to represent imprecision and
uncertainty  using fuzzy sets, possibility distributions, and
necessity- possibility measures. A significant part of the factual

knowledge can be in the form of an external database.

The language system provides a non-proceéural command - oriented
language interface for model execution and information retrieval.
The decision models can be activated for execution either by a mere
specification of the name of the decision model or by a composition
or formulation of new models. Again, the decision parameters, to
either of these, can be imprecise and uncertain. A fuzzy query
language provides the facilities to retrieve information from the

database and the knowledge base.

The PPS component is realised using a layered interpreter built on
top of a fuzzy inference engine. It is possible to define heuristic
knowledge to control the generation of alternatives. Further, it is
possible to define the functions to be employed in the propagation

of uncertainty during the inference.

The Gap between Theory and Practice:
The feasibility of the proposed environment is demonstrated using an
implementation in Prolog on a VAX 11/750. The effectiveness of this
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environment in  solving semi-structured decision problems is

presented by modelling a decision problem.

We feel that a framework based on the above is a step towards a
generalised DSS environment catering to semi-structured decision
problems at higher organizational levels. This thesis also
demonstrates the application of various AI techniques employed in
expert systems, knowledge representation, problem solving, and fuzzy
logic and databases in decision support systems. Finally, we
believe that such a framework would bridge the existing gap between
research and practice in DSS that are meant for solving

semi-structured decision problems at higher organisational levels.

1.6 Layout of the Thesis

An overview of the proposed DSS environment is presented in chapter
- 2 The architecture of this environment is illustrated and a
description of various components of the system and their functions
and  abilities is presented along with the inter-relationships
between these components. An example decision problem is also

presented in detail.

Chapter 3 describes the knowledge system with its two knowledge
components. Formal definitions of modelling knowledge and
environmental knowledge are presented in this chapter.
Subsequently, the proposed syntax of various components of the
modelling knowledge is presented and illustrated with examples.
Lastly, syntax and examples of the environmental knowledge are
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presented in this chapter.

The language system of the DSS environment is presented in chapter
4. Model activation and formulation and information retrieval based
on fuzzy constructs is presented formally. Later, some examples,
based on the unified language system, are included to illustrate the

user-interface to the proposed environment.

The operational semantics of interpretation at various knowledge
levels is presented in the next chapter on PPS. Initially, the
preliminary  operations such as  semantic  unification, fuzzy
arithmetic, etc. are defined in detail. Subsequently, the formal
definition of semantics behind the interpretation of decision
models, decision stages and decision rules are presented. Then, the
processing of exploratory information retrieval functions is defined

formally.

Chapter 6 describes a prototype implementation of the proposed DSS
environment, PlanAid. The advantages of Prolog for the
implementation are discussed. Then, various algorithms of
interpretation,  semantic  unification, etc. are presented using

Prolog clauses.

The conclusions and scope for future extensions are discussed in the
chapter 7. Also, some of the limitations of this proposed system
and possible ways of tackling these are touched upon.

The syntax of the decision models, decision stages and decision
rules is presented in Appendix A. In addition, the fuzzy query
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language syntax is included in this appendix. @A complete example

E session with the prototype implementation is presented in Appendix
B. The next threc appendices present discussion on the relevance of
AI/ES technology under the titles of Comparison of DSS and ES, Fuzzy
Expert System Shells and Fuzzy Databases and Query languages.
Lastly, the appendix F presents definition of the triangular norms.
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Chapter 2
An Overview

2.1 Introduction

We shall present an overview of the proposed DSS environment in this
chapter. In section 2.2 we shall elaborate the characteristics of
decision problems and the decision modelling process. Then, in
section 2.3, we shall present the architecture of the proposed DSS
environment  briefly describing various components of the
architecture. = An example of decision problem is discussed in the

section 2.4 with details of the related modelling knowledge.

2.2 DSS Environment

We have discussed that the decision making process is informal and
decision makers employ the knowledge which is in the form of rules,
guidelines, etc. in solving semi-structured decision problems. It
is, therefore, convenient to express such knowledge in declarative
rule based specification rather than algorithmic specification. A
majority of these rules are often of imprecise and uncertain nature.
We have also discussed that fuzzy sets and possibility-necessity
measures can together capture both imprecision and uncertainty.
Consequently, we have adopted a fuzzy rule based specification of
modelling knowledge for knowledge representation in this thesis.

The proposed decision support system environment encapsulates the
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complete set of functions that are required for decision making.

That is,

a) a knowledge system with fuzzy rule based specification for
modelling and environmental knowledge components,

b) a language system with facilities to activate and formulate
decision models, and to perform exploratory information
retrieval, and

¢) a problem-processing system to process the user requests
specified in language system against the knowledge in knowledge

system.

Decision Models and Decision Modelling:

The term "decision model” refers to a representation of some real
world decision problem. Decision modelling is a process of
capturing the real world problem as a decision model. We have
observed in the introductory chapter that the characteristics and
complexity of this process differs with the organizational level and
the structuredness of the decision problem concerned. Further, the
modelling requirements and tools used in modelling considerably

differ on these characteristics.

The process of decision modelling can be described as consisting of
the following steps. Firstly, the decision problem will have to be
identified and decomposed into smaller problems which can be tackled

in a relatively easier way. Subsequently, for each of these
subproblems a class of probable alternatives will have to identified




along with the constraints that are to be applied on these

alternatives to select feasible alternatives. Further, the
characteristics which can be used in comparing alternatives against
each other will have to be defined for each subproblem.

Once a decision problem is modelled following the above process the
decision maker can use it for analysing the effects of a particular
decision by selecting an alternative and studying its consequences.
The decision maker can also change the decision parameters and/or
decision rules to perform analyses such as senmsitivity analysis,

what-if analysis, etc.

2.3 Architecture of the Proposed DSS Environment

The architecture of the proposed DSS environment resembles the one
proposed by Bonczek et al (1984). The knowledge system is spread
across two components, modelling knowledge and environmental
knowledge. The language system offers facilities for model
activation and formulation, and information retrieval. Lastly, the
problem-processing  system consists of a layered interpreters
(decision model, stage, rule interpreters), fuzzy query processor
and a fuzzy inference engine. The architecture is depicted in fig.
2.1. An informal discussion on this architecture and the decision
modelling formalism is reported in (Bolloju 1989a).

2.3.1 Knowledge System

The knowledge system is divided into modelling knowledge and
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environmental knowledge components. Modelling knowledge is specific
to the decision problem domain and it is possible that it represents
one or more decision problems of a given domain. On the other hand,
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Fig. 2.1 Architecture of Proposed DSS Environment

environmental knowledge, though relevant to modelling knowledge,
does not consist of any problem specific knowledge. It merely
comprises of the knowledge specific to the universe of discourse.
The properties of both these knowledge components is available in
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the form of meta knowledge that includes information such as
linguistic constant definitions, fuzzy relational operator
definitions, etc.

Modelling Knowledge:

Modelling knowledge is structured as a hierarchy of three levels
namely, decision models, decision stages and decision rules.
Decision models, at the top of the hierarchy, represent the
decomposed decision problems and specification of the composition
of the decision problems using decision stages. Decision stages
represent the smallest decision problems, and <comsist of a
specification of probable alternatives and the decision rules to be
employed in constraining and ranking the alternatives. The decision
rules attached to the specification of decision stages are
designated as:

a) precondition,

b) action,

c¢) postcondition, and

d) ranking rules.

A precondition rule constrains the set of probable alternatives
before the updates to the knowledge base are affected by action
rule. This set of constrained alternatives are further pruned by
postcondition rule to yield the set of feasible alternatives. A
rank value is asscciated with each alternative in this set as

defined by rank rule.

Decision rules, at the bottom of the hierarchy, represent the basic
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modelling knowledge (available in the form of rules, guidelines,
etc.) as high level declarative fuzzy rules. It is possible to
chain the decision models and the decision rules recursively to
define more complex decision models and decision rules. Imprecision
and uncertainty in decision rules and decision parameters is
represented using concepts of fuzzy sets, possibility distributions,

and necessity-possibility measures.

Environmental Knowledge:

Environmental knowledge is the basis of one or more DSS applications
and comprises of procedural and factual kmowledge. It is possible
that part of the factual knowledge is available in the form of an
existing database.  Procedural knowledge of this component can be
specified using Prolog-like rules with extensions to represent
imprecision and  uncertainty using fuzzy sets, possibility

distributions, and necessity- possibility measures.

2.3.2 Language System

The user interface of the DSS environment is defined by the language
system. We can identify two types users of this environment as
model builders and decision makers. Model builders are responsible
for creating majority of the modelling and environmental knowledge
components. Decision makers make use of this knowledge to generate
alternatives and analyse the consequences. Decision makers may
alter the modelling knowledge component provided by the model
builders. It is, however, possible that the role of model builder
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is assumed by a decision maker.

The language system provides a non-procedural command oriented
language interface for model execution and information rctrievﬂ.
The decision models can be activated for execution either by a mere
specification of the name of the decision model or by a composition
or formulation of new models. Again, the decision parameters, to
cither of these specifications, can be imprecise. A fuzzy query
language provides the facilities to retrieve information from the
database and the knowledge base. The language constructs do not
distinguish between the procedural or factual knowledge available in
the environmental knowledge base and their specification is

identical to that of the decision rules.

Model Activation and Formulation:

Model execution is one of the two important features of any DSS.
Model execution refers to a) direct activation of a predefined
decision model along with its parameters and b) formulation of a
decision model, interactively, wusing predefined decision stages.

At this point the user can exercise any of the three following

. options:

| a) commit an alternative for that stage and system proceeds to the

next defined stage

b) request for another alternative for that stage

¢) skip the «current stage in order to select a different

alternative at a previous stage




A complete solution to the decision problem is found when all the

decision stages involved have some alternative committed.

Fuzzy Query Language:

Exploratory information retrieval from the knowledge base can be
performed using fuzzy query language. This is a non-procedural high
level query language with extensions to access imprecise and/or
uncertain knowledge. Further, the inexact conditions, such as
approximately equal, for information retrieval can be specified. In
addition, the database access is made transparent, i.e., the user
need not distinguish between knowledge base access and database
access. As a matter of fact, a single query can refer to both the

knowledge base and the database.

In the condition part of the queries aggregate functions,
existential and universal quantifiers, and fuzzy quantifiers can be
specified. These functions and quantifiers can also be nested to

specify more complex conditions.

The procedural knowledge which is in the form of rules can also be
retriecved nsing the constructs available in this language interface
which  amounts to querying on derived knowledge.  Furthermore,
updates to the knowledge base can be made using the three update

predicates provided in the query language. However, these updates

will only be valid for the current session.
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2.3.3 Problem-Processing System

The PPS component is realised using a layered interpreter built on
top of a fuzzy inference engine. It is possible to define heuristic
knowledge to control the generation of alternatives. Further, it is
possible to define the functions to be employed in the propagation
of uncertainty during the inference. In addition, this system
provides an interface to external databases for transparent access

of data to be used by the modelling knowledge component.

Model, Stage, Rule Interpreters:

Decision rule interpreter, built on top of the fuzzy inference
engine, provides the higher level conmstructs such as quantification,
aggregation, etc.  The decision stage interpreter resides above the
rule interpreter and performs functions such as generation of
alternatives using user-defined heuristics, if any, validation of
the alternatives against the pre- and post-conditions, etc. The top
level interpreter offers the direct user interface by interpreting
the decision models. Further, this layer provides the control to
the user at each of the decision stages of the model by presenting

the currently available alternatives along with ranking values.

Fuzzy Query Processor:

Fuzzy query processor is built using the decision rule interpreter
and it is at the same level as that of decision stage interpreter.

In addition to basic non-procedural retricval commands Wwith fuzzy
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extensions, this processor is also capable of interpreting and
executing the update requests. The updates made through this are
only temporary and are discarded at the end of the session. Further,
features such as fuzzy arithmetic can be effectively used to perform

computations on the retrieved imprecise/precise values.

Fuzzy Inference Engine:

The problem-processing system 1is built on top of a Prolog
interpreter in a layered architecture. Immediately residing above
the Prolog is a fuzzy inference engine which facilitates the
necessary extensions to Prolog such as semantic unification (or
fuzzy pattern matching), fuzzy comparison, inference using uncertain

rules, etc.

24 A Prototype Implementation

A prototype of the proposed DSS environment, named PlanAid, is
implemented in C-Prolog on VAX-11/750. A C-Prolog interpreter has
been extended to provide transparent access (Bolloju and Kamath
1989) to databases of Admin (Naveen er al 1983). At the core of
PlanAid is a fuzzy inference engine that is capable of performing
inference under imprecision and uncertainty. The problem-processing
system 1is built around this core wusing layers of interpreters
corresponding to the decision models, decision stages and decision
rules. The implementation provides the complete set of facilities
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